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Reducing Calibration Efforts in RSVP Tasks With
Multi-Source Adversarial Domain Adaptation
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Abstract— Rapid Serial Visual Presentation (RSVP)-
based Brain-Computer Interface (BCI) is an efficient infor-
mation detection technology by detecting event-related
brain responses evoked by target visual stimuli. However,
a time-consuming calibration procedure is needed before
a new user can use this system. Thus, it is important to
reduce calibration efforts for BCI applications. In this article,
we propose a multi-source conditional adversarial domain
adaptation with the correlation metric learning (mCADA-C)
framework that utilizes data from other subjects to reduce
the data requirement from the new subject for training the
model. This model utilizes adversarial training to enable a
CNN-based feature extraction network to extract common
features from different domains. A correlation metric learn-
ing (CML) loss is proposed to constrain the correlation of
features based on class and domain to maximize the intra-
class similarity and minimize inter-class similarity. Also,
a multi-source framework with a source selection strat-
egy is adopted to integrate the results of multiple domain
adaptation. We constructed an RSVP-based dataset that
includes 11 subjects each performing three RSVP exper-
iments on three different days. The experimental results
demonstrate that our proposed method can achieve 87.72%
cross-subject balanced-accuracy under one block calibra-
tion. The results indicate our method can realize a higher
performance with less calibration efforts.

Index Terms— EEG, RSVP-based BCI, calibration reduc-
tion, multi-source domain adaptation, correlation metric
learning.
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I. INTRODUCTION

THE brain-computer interfaces (BCIs) system provides
a direct communication and control channel between a

person’s brain and external devices rather than depending
on peripheral nerves and muscles [1]. BCIs have shown a
variety of potential applications for communication, control,
and rehabilitation [2]. Electroencephalogram (EEG) is one
of the most common approach for building a BCI system
because of its cost effectiveness, non-invasive implementation,
and portability.

There are many traditional BCI paradigms such as motor
imagery (MI) [3]–[5], steady-state visual evoked potentials
(SSVEP) [6], [7], slow cortical potentials [8], and the
P300 [9]–[11].

Rapid serial visual presentation (RSVP) is a process of
sequentially displaying images at the same spatial location at
high presentation rates. RSVP-based BCIs are a specific type
of BCI that can be used for detecting target configurations
in the stream through detecting event related brain responses.
In particular, if targets are rare, the P300 component is likely
to be produced in response to them a 300-500 millisecond
delay after the onset of the target stimulus.

Compared with computer vision, human vision is more
effective and robust [12]. RSVP-based BCI systems can
deal with the problems that computer vision is difficult
to solve. Christopher B. et al. developed an RSVP-based
BCI system for finding the mine-like object from the sonar
imagery, which takes advantage of the accuracy and rapidity
of human vision [13]. Recently, various RSVP-based BCI
applications have been developed such as speller [14], [15],
image retrieval [12], image classification [16], [17], anomaly
detection [13], anti-deception [18]. RSVP-based speller is gaze
independent and not being easy to cause visual fatigue, thus
it is a very effective way for patients and external commu-
nication, especially for those patients with severe oculomotor
impairments [19].

Many different methods have been proposed to classify
single-trial EEG in RSVP tasks, such as hierarchical dis-
criminant component analysis (HDCA) [16], minimum dis-
tance to Riemannian mean (MDRM) [20], [21], MCNN [22],
EEG-Net [23]. Although they showed their suitability to
single-trial EEG classification in the RSVP paradigm, these
methods were to train a new model for a new subject. Also,
these models are hard to generalize across subjects due to
the individual differences of EEG. Thus, for a new subject,
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we need to collect a lot of EEG data for training models,
which will be then used for the subsequent experiment. This
means a time-consuming calibration procedure in the BCI
experiment. Previous studies proved that the performance of
the subject-dependent model decreased when there were few
training data [21], [24]. Thus, it is still a challenge to train
a reliable model with calibration reduction. In this article,
we aim to present a transfer learning method that utilizes
EEG data from different participants or different sessions
to realize cross-subject and cross-session learning. This will
reduce the demand of new participant for calibration data,
so as to achieve calibration with less efforts for the new
participant.

In the EEG transfer learning area, EEG data from different
subjects or sessions are regarded as different domains. For
a new user, a database of past users can be considered
to initialize or train the model. This form of learning is
referred to as cross-subject learning. Data from previous
sessions of the user employed in training, this is referred
to as cross-session learning. Data of the existing subject are
called the source domain and the data of the new subject
are called the target domain. Our proposed transfer learning
method belongs to transductive transfer learning, also known
as domain adaptation (DA), where the feature or distribution
of source and target domain is distinct while the tasks are the
same [25].

In this article, we propose a multi-source Conditional
Adversarial Domain Adaptation network with Correlation
metric learning (mCADA-C) framework to reduce the BCI
calibration efforts and improve the classification performance
in RSVP image retrieval. Our mCADA-C framework includes
three parts: First, the adversarial training of feature extractor
and conditional discriminator helps the feature extractor learn
the common features of the target domain and the source
domain. This uses a large amount of source domain data
to reduce the calibration demand for the target. Secondly,
correlation metric learning loss constrains the correlation of
features depending on the class and domain, which max-
imizes the intra-class correlation and minimizes the inter-
class correlation. Finally, a multi-source domain adaptation
framework with a source selection strategy is brought up
to effectively integrate multiple domain adaptation results to
improve classification performance further.

The rest of the paper is structured as follows: First,
we reviewed the related work in Section II. The RSVP
experiment we conduct and the EEG data pre-process method
will be illustrated in Section III. Section IV introduced the
mCADA-C framework we developed, and the structure and
function of each module in the network will be explained
respectively. In section V, we apply our network to the image
retrieval of RSVP. A variety of basic classification methods
and transfer learning methods are compared. The validity of
each part of the network is verified and analyzed. The results
and analysis of each experiment are present in Section VI.
The discussion on the research analyzes the problems and
adds some details of solutions in the research, which is given
in Section VII. Lastly, we draw a conclusion of this study
in Section VIII.

II. RELATED WORK

Transfer learning can be used in the brain-computer
interface for solving cross-session or cross-subject prob-
lems [26]. The BCI transfer learning method based on Rie-
mannian geometry has been studied in the past few years.
In 2018, Rodrigues et al. [27] proposed a Riemannian
Procrustes Analysis (RPA) method based on the MDRM
classifier, which matches the statistical distributions of sym-
metric positive definite (SPD) matrices from different domains.
Compared with the basic MDRM classifier, RPA improved
the classification accuracy of MI by 8%, but there was no
significant improvement in P300 tasks. This might be due to
that the temporal information in EEG could not be effectively
utilized when the covariance matrix of EEG was constructed
as the input. In [24], [28], and [29], the authors also used
a similar Riemannian manifold alignment method for EEG
transfer learning. He and Wu [30] promoted a data alignment
method in Euclidean space.

In recent years, the research of EEG decoding based on
neural networks has been developed. There are different
EEG decoding methods based on neural networks, such as
[22], [23], and [31]. The transfer learning method based on
the neural network has also attracted attention in the research
of BCI [32]. The generative adversarial network (GAN) [33]
has been successfully applied in domain adaptation areas, for
example, DANN [34], ADDA [35]. Li et al. [36] promoted an
unsupervised domain adaptation model to learn a similar latent
representation shared in different domains by the gradient
reversal in EEG emotion recognition. There was a 7.8%
increase in classification accuracy compared to DANN. This
method is based on the differential entropy feature of EEG,
which is widely used in emotion tasks. But this feature or this
model based on the feature may be not suitable for RSVP tasks
because of the temporal characteristic of RSVP EEG. A multi-
path network structure based on DANN has been used in a MI
study by Jeon et al. [37], the average accuracy increased by
4% after domain adaptation. Tang and Zhang [38] promoted a
conditional adversarial domain adaptation neural network for
MI EEG Decoding. Jimnez-Guarneros and Gomez-Gil [39]
promoted a domain adaptation for cross-subject cognitive
load recognition. Manifold Embedded Knowledge Transfer
(MEKT) [40] uses the domain adaptation on the tangent
space of Riemannian manifold, to conduct offline unsupervised
cross-subject EEG classification.

Ming proposed a multi-source DA method, subject adapta-
tion network (SAN) [41]. The adversarial network in SAN is
adopted to constrain the distribution of features to an artificial
distribution which includes prior information on the proportion
of classes. The classification accuracy of SAN outperformed
EEG-Net. SAN needs to learn features from several different
domains at the same time with an indirect constraint on feature
space, which may be insufficient to learn a common feature.
Compared to single-source domain adaptation, a multi-source
domain adaptation can introduce more task-related knowledge
which usually can force a better task performance on the target
domain. In applications, there are EEG collected from different
subjects which means there are multiple source domains,
so multi-source DA needs more research and attention.
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Fig. 1. (a) Examples of non-target pictures, (b) examples of target
pictures and (c) settings of our RSVP experiment. The rest time between
blocks were around 1-3 mins. The rest time between sequences were
controlled by subjects, around 4-6 s.

III. MATERIALS

A. Subjects

In the experiment, 11 participants (9 right-handed; 6 males
and 5 females; aged 22.8 ± 2.1) were recruited. Partici-
pants had corrected-to-normal or normal vision. In addition,
no participant had any previous history of visual disorders
and neurological disease or injury. All participants were naïve
in respect to RSVP-based BCI experiments. Experimental
procedures were approved by the Institutional Review Board
of the Institute of Automation, Chinese Academy of Science.
All subjects gave their written informed consent before testing.

B. RSVP Paradigm

The visual stimuli of our experiment consisted
of 1400 images (500 × 500 pixels) from the scenes and
objects database [42] released by MIT CSAIL. These images
were separated into target scenes that included pedestrians
and non-target scenes that did not include pedestrians
(See Fig. 1, (a), (b)).

The images were randomly presented at a rate of 10Hz. And
the probability of target images was 4%. Participants were
seated 1 meter from a monitor with 1920*1080 resolution.
Subjects were instructed to press the space bar on the keyboard
as quickly as possible when they found the target.

There were 10 blocks for each experimental session, and
each block included 1400 pictures which were divided into
14 sequences, each consisting of 100 images. The interval
between two sequences was controlled by the subject. Each
block was completed in about 5 minutes, the rest time between
blocks were around 2-3 mins. Each subject needed to carry
out three session experiments, and the interval between the
two adjacent sessions was 5-10 days.

TABLE I
NOTATION SUMMARY

C. Data Acquisition and Preprocessing

The EEG data were recorded by a SynAmp2 system
(NeuroScan, Australia) using 64-channel Ag/AgCl electrodes
placed according to the International 10/20 system, with a
sampling rate of 1000 Hz. The electrodes were referenced to
the vertex and grounded to the forehead. The impedance of
each electrode was kept below 10 k�.

In the preprocessing stage, for each block of EEG data,
the EEG data were down-sampled to 250 Hz. Then, the signals
were bandpass filtered between 0.1 and 15 Hz with a 3-order
ButterWorth filter, which was implemented as linear phase,
to remove slow drift and high-frequency noise and prevent
delay distortions. Afterward, the preprocessed data of each
block were segmented into EEG trials. Each trial including
1 second EEG data, starting from their stimulation onset to
1000 milliseconds after the stimulation onset (0s to 1s). For
each trial, data was normalized to zero mean and variance one.
The subsequent analysis and classification of EEG were based
on these segmented EEG trials (samples). According to our
experiment paradigm, each subject has 10 block × 1,400 trial
EEG samples per session, where 560 were target samples, and
others were non-target samples.

IV. METHOD

In this section, we present our proposed multi-source con-
ditional adversarial domain adaptation (mCADA) framework.
We first introduce the source selection strategy and the multi-
source DA framework. Then the basic EEG feature extraction
and classification network in our method will be introduced.
Next, the detail of our proposed CADA network will be
elaborated. Finally, a correlation metric learning (CML) loss
function is proposed for CADA.

We summarize the notations in Table I. for a clear narra-
tive. Our application scenario on cross-session/subject learn-
ing is supervised domain adaptation. Using {(X T , Y T ) ∪
(X S1, Y S1)∪· · ·∪(X SM , Y SM )} to construct a model and predict
the label of X T

U .

A. Source Selection Strategy

There are 11 subjects in our dataset. If one subject was set as
a target domain, thus, the other 10 subjects could be set as the
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Fig. 2. The multi-source domain adaptation framework.

source domain (M = 10). Given the possible negative transfer
and computation cost, we perform a source selection proce-
dure for our multi-source DA framework. The more similar
between the distribution of source domain and that of target
domain is better for transfer learning. Here, we used cross-
domain classification performance to measure the similarity
between different domain data. Firstly, the labeled data of M
subjects are used to train M classifiers. Secondly, for a new
subject (X T , Y T ), use the M classifiers to classify X T and
get M classification results. Thirdly, arrange M classification
accuracy in a descending order. The data of subjects corre-
sponding to the top K accuracy are selected as the source
for subsequent domain adaptation. The K is an important
parameter in our model, the choice of K will be present
in Section VI.

As shown in Fig. 2, we propose the multi-source domain
adaptation framework to integrate the results of multi-source
domain adaptation. In our framework, each source domain data
X SKi , Y SKi are feed in a CADA network with target domain
labeled data X T , Y T in the training session, the data in target
domain shares network parameters with the source domain.
In the test session, the unlabeled test data X T

U will be used as
the input of K feature extractors and classifiers (part of the
DA network, trained in the training session), and obtain K
classification results. Finally, the average combination rule is
used to integrate output of K classifiers.

B. EEG Feature Extraction and Classification Network

We design a concise CNN network to extract features from
raw EEG data. The feature exactor (denoted as F) contains one
convolution layer, followed by a batch normalization layer and
a dropout layer. The convolution layer with kernel (m, n/p)
and stride (1, n/p) is equivalent to p no overlap time windows
and can extract features of each time window from spatial and
time dimension simultaneously. The architecture of the feature
extractor is shown in Fig. 3.

A classifier is used to classify the features learned by the
feature extractor. The classifier (denoted as C) is made up
of two fully connected layers and the activation functions are
ReLU. The output layer contains one neuron with sigmoid
function. The loss function we used for classifier is binary
cross entropy, and the loss function for basic classification

task is as follow:

Ltask = −Ex,y∼X,Y

∑
y∈Y

y ∗ log(σ (C(F(x)))) (1)

C. Conditional Adversarial Domain Adaptation

We bring up a conditional adversarial domain adaptation
(CADA) network to narrow the difference of features distribu-
tion between different domains, and thus the target domain can
utilize the knowledge of the source domain. A discriminator
(denoted as D, as shown in Fig. 3) consists of two fully
connected layers (512 and 256 neurons) with batch normaliza-
tion and one output layer. The adversarial training is conduct
between the feature extractor and the discriminator, which
is a minimax optimization problem. The feature extractor
learns common features of the source and target domain
to fool the discriminator, while the discriminator tries to
distinguish whether the feature belongs to the source or target
domain.

Firstly, we use Earth-Mover distance (EMD) in Wasserstein
GANs [43] to measure the divergence between features of the
source and target domain. The EMD can provide meaningful
gradients for optimizing the feature extractor, which ensures
the convergence of the adversarial network. Then, to improve
the network performance, the class information is used to
guide the training of feature extractor and discriminator. The
label of each sample y is element-wise added to the feature
extracted by feature extractor F(x), and constructs a new
conditional feature as the input of discriminator.

To further improve the stability and ensure fast convergence
in the process of network training, the gradient penalty pro-
posed in [44] is adopted in our network. The loss function of
conditional adversarial network:

L f eature = Ex S,yS∼X S,Y S(D(F(x S) ⊕ yS))

− ExT ,yT ∼X T ,Y T (D(F(x T ) ⊕ yT ))

+ λgp E((
∥∥∥∇D(X̂ )

∥∥∥
2
− 1)2) (2)

The λgp is a hyperparameter that controls the trade-off of the
original objective and gradient penalty, the x̂ is data randomly
sampled from source feature and target feature:

x̂ = δ(F(x S) ⊕ yS) + (1 − δ)(F(x T ) ⊕ yT )

δ ∼ U [0, 1]; x S, yS, x T , yT ∼ X S, Y S, X T , Y T (3)

D. Correlation Metric Learning

We further improve the domain adaptation by reducing the
inter-class correlation and improving the intra-class correlation
of features. With the idea of marginal fisher analysis crite-
rion [45], we propose a metric learning loss function based on
the correlation coefficient.

The overall CML loss function for the proposed CADA
network can be stated by the following formula:

LC M L = α ∗ Lintra + β ∗ Linter (4)

where α, β are parameters which weights the importance of
intra-class compactness and inter-class separability.
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Fig. 3. The structure of the proposed CADA network. The network is made up of a feature extractor F, a classifier C, and a discriminator D. In the
training session, the target domain XT and source domain XS are feed into F together. The C is training by the F(X) which are features extracted by
the F to predict labels. In addition, by adding labels (YT,YS) to F(X) form the conditional features F(X) | Y, the D classifies the domain of F(X) | Y.
The adversarial training of the F and the D, force F to extract common features of both domains to fool D. The CML loss further constrains the F(X)
depending on the class and domain for maximizes the intra-class correlation and minimizes the inter-class correlation. In the test session, the F
extract the features of test data XT

U, and the C predicts the label of XT
U.

By minimizing the first term Lintra , we can achieve the
maximum correlation of centralized features of same class
in the source and target domain and increase the similarity
between domains. The intra-loss is calculated as follows:

Lintra =
∑

yS=yT x S,xT ∼X S,X T

[E | ρ(F(x S), F(x T )) − 1 |

+ | ρ(E(F(x S))), E(F(x T ))) − 1 |] (5)

The ρ(·, ·) in (5) is the correlation coefficient operation,
the correlation coefficient is range from -1 to +1. E(F(x S))

and E(F(x T )) are centralized domain mean, calculated by
minus the mean of all features in the source or target domain in
the last training epoch, which is global structure information.{

E(F(x S)) = E(F(x S)) − E(F(X S))

E(F(x T )) = E(F(x T )) − E(F(X T ))
(6)

In (5), the first item deals with sample level correlation,
and the second introduces global information to calculate the
correlation of category centers.

By minimizing the second term Linter , we can reduce the
correlation between classes and increase the differentiation of
categories. The inter-loss is calculated as follows:

Linter =
∑

yi �=y j (xi ,x j )∼X

[E | ρ(F(xi ), F(x j )) |

+ | ρ(E(F(xi)), E(F(x j ))) |] (7)

E(F(xi )) and E(F(x j )) are centralized class mean, cal-
culated by minus the corresponding domain mean of all
features in the last training epoch, which is global structure
information. The reduction of inter-class correlation loss also

proceeds on sample level and class mean level, by minimizing
the absolute value of the correlation coefficient of different
classes.

In order to reduce over-fitting, L-2 regularization is added to
the objective function of network optimization. Taken together,
the overall CADA model train then corresponds to solve the
optimization problem:

min
θF ,θC

max
θD

L(X, Y ) = L f eature + LC M L + Ltask

+ λ1 ‖θF + θC‖2
2 + λ2 ‖θD‖2

2 (8)

V. EXPERIMENTS

A. Dataset Setup and Parameters

In our dataset, each session of each subject has 10 blocks
of data. Block was the smallest unit of data set partition. For
the subjects selected as sources, all 10 blocks of data were
used. For the target subjects, when b blocks were selected
as calibration (training) data and the remaining 10 − b blocks
were used as the test data. To analyze the effect of the amount
of calibration data on classification performance, we chose
different numbers of calibration blocks from 1 to 5 for further
research. Five-fold cross-validation was adopted to divide the
data set. In the training, we down-sampled the non-target
samples on each subject to balance the two classes of samples,
to reduce the influence induced by the extreme imbalance of
two classes. The test set in the target domain maintains the
original proportion of two classes.

The time window number p in the feature extractor was
25. During the training session, the network was optimized
with Adam optimizer [46] with a learning rate of 0.0002, and
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beta1 and beta2 of Adam were set as 0.5 and 0.999 respec-
tively. Weight decay λ1 = 0.01, λ2 = 0.001. The feature
extractor and classifier were optimized together, and the dis-
criminator was optimized separately. The batch size was set
to 10. The hyper-parameters in the loss function, λgp , α, and
β were set as 1.0, 10.0, and 1.0, respectively.

B. Performance Evaluation

We evaluated our framework from two perspectives:
comparison with other methods and ablation study.

We compared our method with the most recently published
approaches, which include subject-dependent methods and
transfer learning methods. For subject-dependent methods
that train models based on data from the target domain
only, HDCA [16], MDRM [21], MCNN [22], OLCNN [31],
and EEG-Net [23] were re-implemented to compare with
our approach. At the same time, we compared our method
with transfer learning methods: RPA [27], SAN [41], and
Li et al. [36]. For the single-source transfer learning methods
RPA and Li, we applied the same multi-source vote framework
to make a fair comparison. SAN is a multi-source transfer
learning method, thus, we re-implemented it. Parameters of all
compared methods were set according to their published paper.
In addition, for our feature extraction and classification net-
work, we designed three baseline contrast methods: Baseline
of Direct Cross-domain (DC), Baseline of Calibration, and
Baseline without Domain Adaptation.

• HDCA: a linear discrimination method that learns weights
on the channel and time window of EEG.

• MDRM: a Riemannian geometry classifier, classify sam-
ples according to the geodesic distance to the center of
the category. The method is re-implemented based on the
Python package pyRiemann.

• MCNN: a three layers CNN proposed by Manor, we re-
implemented the network under the description in [22].

• OLCNN: a one-layer CNN, we re-implemented the net-
work under the description in [31].

• EEG-Net: a multi-layer CNN with depth-wise and sepa-
rable convolution layers. To fit the model designed by the
author, we resample our data to 128 Hz. The method was
implemented according to https://github.com/vlawhern/
arl-eegmodels.

• RPA: a transfer learning method based on the MDRM
classifier. This method was implemented according to
https://github.com/plcrodrigues/RPA.

• SAN: an adversarial transfer learning network. This
method was implemented according to https://github.com/
mingyr/san.

• Li: an unsupervised domain adaptation network. This
method was re-implemented according to the code pro-
vided by author Li. We down-sampled EEG to match
input and train the model in a supervised way.

• Baseline DC: The basic network of our framework is
made up with the feature extractor and classifier. Our
basic network is trained by the source domain data only.

• Baseline Calibration: Our basic network is trained by the
calibration data in the target domain only.

• Baseline w/o DA: our basic network is trained by the
calibration data in the target domain and one source
domain data without DA, and apply the same multi-source
vote framework.

To investigate the effectiveness of our proposed mCADA-C
framework, and study the improvement of mCADA
and the CML loss function, we conducted an ablation
study on three models: Baseline w/o DA, mCADA, and
mCADA-C.

RSVP image retrieval is a binary classification problem,
with an extreme class imbalance in the test set. To reduce
the impact of class imbalance when evaluating classifica-
tion performance, we mainly use and analyze the balanced-
accuracy (BA) to get a more comprehensive evaluation.
We also provide other metrics for discussion, true positive
rate (TPR), false positive rate (FPR).⎧⎪⎪⎪⎨

⎪⎪⎪⎩
B A =

(
T P

T P+F N + T N
T N+F P

) /
2

T P R = T P
T P+F N

F P R = F P
T N+F P

(9)

For target and non-target samples that are correctly classified
is true positive (TP) and true negative (TN), otherwise are false
negative (FN) and false positive (FP).

Two-way repeated measures ANOVA was employed to
analyze the influence of different factors on the RSVP classi-
fication performance. The Greenhouse-Geisser correction was
used when the Sphericity assumptions were not met. The
Holm-Bonferroni correction was used to correct the p-value
in pairwise comparison. Bland Altman analysis was employed
to perform agreement analysis. The significant level was
set at 0.05. All results were presented as mean ± standard
deviation.

VI. RESULTS

A. Analysis of ERPs

Fig. 4 shows the grand-average of target and non-target ERP
responses, from Fz, Cz, Pz, and Oz channels obtained in our
RSVP experiments. In Fig. 4, all channels were referenced to
the average of the left and right mastoids. For the target ERP,
we can see the components of N200 and P300 clearly, while
it is mainly the harmonic response caused by the 10Hz picture
flicker for the non-target ERP.

B. Source Selection Strategy

Fig. 5 shows the balanced-accuracy changes with different
source numbers under different amount of calibration data. The
two-way repeated measures ANOVA revealed that a significant
effect of source number as well as a significant effect of
calibration data amount (source number: F(1.579, 15.789) =
69.045, p < 1e-7; calibration data amount: F(1.633, 16.326) =
20.686, p = 7e-6). There was no interaction between these
two factors (F(3.33, 33.30) = 2.392, p = 0.08). For different
amounts of calibration block, the BA values under the data
of 1 are 2 sources were significantly lower than those under
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Fig. 4. Grand-Average target and non-target ERP responses. The responses from channel Fz, Cz, Pz, and Oz are shown from left to right. Shaded
regions represent standard deviation. X-axis shows time in ms, and y-axis represents signal amplitude in µV .

TABLE II
COMPARISON OF BALANCED-ACCURACY (%) OF DIFFERENT METHODS

Fig. 5. The balanced-accuracy changes with the source number under
different calibration data amounts.

more sources (all: p < 0.02). The BA value under 3 sources
was significantly lower those with 5-10, and tends to be
significantly lower than that under 4 sources (p = 0.068). The
rising BA values reaches a plateau when the source number
is 4. The BA values with 8 sources and 9 sources were
significantly higher than those with 4 sources and 5 sources
(Source numbers: 8 vs. 4, p = 0.029; 9 vs. 4, p = 0.013;
8 vs. 5, p = 0.010; 9 vs. 5, p = 0.006), but the difference
values were less than 0.5%. Except that, the BA values have
no significant difference between each other (all: p > 0.1).
Therefore, we select 4 sources for transfer learning experi-
ments based on our dataset.

C. Cross-Subject Domain Adaptation Under Different
Amount Calibration Data

Table II summaries the comparison results of different
methods. The two-way repeated measures ANOVA revealed
there were the significant main effects of method and cali-
bration data amount, as well as an interaction effect between
these factors on classification accuracy, F (4.593, 45.93) =
20.962, p < 2e-10. And, under each amount of calibration
data, the methods have significant influence on classification
performance (all: p < 6e-12). Post-hoc tests showed that
our method was significantly higher than all other compared
methods (all: p < 0.015). Therefore, our method can improve
the RSVP classification performance in cross-subject study.

Among the comparison results of different subject-
dependent methods, EEG-Net outperformed other methods on
RSVP dataset. Post-hoc tests showed that our baseline method
was not different from the EEG-Net. Thus, for RSVP EEG,
our proposed feature extractor can effectively extract features,
and the classification performance is to that of EEG-Net.

Furthermore, we compare our mCADA-C method under
1 calibration block with that of EEG-Net and RPA methods
to evaluate the reduced calibration data amount applied in
our method. BA of our method at 1 calibration block was
significantly higher than BA of EEG-Net at 1 to 3 blocks
of calibration data (p = 1e-5, p = 3e-4, and p = 0.01,
respectively). But it was not significantly different from that
of EEG-net at 4 and 5 blocks. Moreover, this BA value
was significantly higher than that of RPA at 1-5 blocks of
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TABLE III
BALANCED-ACCURACY (%) OF ABLATION EXPERIMENTS

calibration (all: p < 0.005). Moreover, Bland Altman analysis
showed that our mCADA-C with 1 calibration block was agree
with the EEG-Net with 4 and 5 calibration blocks (p = 0.344,
p = 0.340). Therefore, our mCADA-C with 1 block calibration
data can achieve similar classification performance with the
EEG-Net and RPA with 4 or 5 calibration blocks.

For detailed performance (ACCuracy, TPR, FPR, BA, AUC,
and ROC curve) of our method on each subject under 1 calibra-
tion block see Supplementary Material Fig. A. and Table A.
Table II with extended metrics (ACC, TPR, FPR, and AUC)
can be found in Supplementary Material Table B.

D. Ablation Experiments

To evaluate the effectiveness of the proposed CADA net-
work and CML loss, we conducted ablation experiments.
The comparison results are listed in Table III. The two-way
repeated measures ANOVA revealed that the two factors
(model and number of calibration data) showed significantly
main effect on classification performance. The interaction
between the two factors (F(3.365, 33.65) = 1.802, p = 0.16)
was not significant. The main effect analysis showed that
the estimated boundary mean BA of mCADA is significantly
higher than baseline w/o DA by 1.8% (p = 0.002). The
performance improvement indicates that the CADA is capable
of matching the feature distribution of different subjects, thus
increasing classification accuracy.

Moreover, compared with mCADA, mCADA-C can signif-
icantly improve the estimated boundary mean BA by 1.4%
(p = 0.003). Thus, this proves the necessity of the CML.
Therefore, CADA and CML can improve the classification
performance of cross-subject learning.

E. Visualization

Fig. 6 shows waveforms of P300 waves of Pz and the
topographies of EEG data before the feature extraction and
waveforms and the topographies of features extracted by the
feature extractor from one target subject and the corresponding
source subject. All data in source domain and test data in target
domain under 1 calibration block are used.

As shown in Fig. 6 (a), (c), the ERP waveform of the source
domain and target domain are different. The P300 ampli-
tude of the target subject is higher than that of the source
subjects, and the latency is also higher. The pattern of the
scalp map also varies from different domains and classes.
For the target domain, the topography patterns of the two
classes are similar. In Fig. 6 (b), (d), we can see similar ERP
patterns and the topography patterns for the features from
different domains with same classes. And, the topography

Fig. 6. Waveforms and topographies of P300 waves (Pz) for target
subject (a) and source subject (c) before DA, and waveforms and
topographies of feature extracted by the feature exactor for target subject
(b) and source subject (d) after DA.

patterns for the features from target domain are obviously
different between of the target samples and non-target samples.
And, the topography patterns of target samples from different
domains are much more similar. The result of Oz channel
see Supplementary Material Fig. B. Therefore, the designed
feature extractor learned the ERP patterns of EEG data, and the
constrains provided by CML loss, discriminator, and classifier
increase the inter-class differences and intra-class similarity of
features.

We further applied t-distributed Stochastic Neighbor
Embedding (t-SNE) to project the features in our CADA
network into 2 dimensions. Fig. 7 shows an example of visual-
ization under 1 calibration block situation. For one subject as a
target domain and the corresponding first one of corresponding
selected sources as source domain. The source domain data
and class balanced target domain test data are employed as
input of trained CADA model for visualization.

As shown in Fig. 7 (a), either source domain and target
domain or target and non-target are maximum overlap for
raw data. After extracting feature thought feature extractor,
the distribution of features of source domain and target domain
is more consistent. For both target domain and source domain,
the target class and the non-target class more separated but still
cannot be linearly separated, which can be seen in Fig. 7 (b).
As the features are processed over the classifier, the features

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on November 08,2020 at 05:00:11 UTC from IEEE Xplore.  Restrictions apply. 



2352 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 28, NO. 11, NOVEMBER 2020

Fig. 7. An example of visualization: (a) raw data, (b) output by the feature
extractor network F, (c) the output of first layer of classifier, (d) the output
of second layer of classifier.

Fig. 8. BA of different cross-domain pattern, the ∗ sign indicates that
there is statistical significance between two groups (p < 0.05).

from different classes become more and more separable, and
the samples of the same class samples from different domains
is more similar. For the output of the second layer of the
classifier, the target and non-target samples in both domains
are linearly separable in Fig. 7 (d).

Thus, the visibility of separation of target and non-target
increases from raw data to the output of the network, the fea-
ture distribution of samples in the same class is more similar
and different classes are easier to classify.

F. Comparison of Different Cross-Domain Modes

Finally, we performed extensive research on the compar-
ison of three different kinds of cross-domain mode: cross-
subject, cross-session, and cross-all. The cross-subject and
cross-session explained before. The cross-all mode in our
experiments indicate for target subjects, their source selection
range includes the labeled data from themselves in other
sessions and other subjects at all experiment sessions.

Fig. 8 shows the comparison results of three conditions
(cross-subject, cross-session and cross-all). The two-way
repeated measures ANOVA showed a significant interaction

TABLE IV
VERIFICATION OF DIFFERENT SOURCE SELECTIONS

between cross-domain mode and the amount of calibration
data (F(3.066, 30.659) = 9.387, p = 1e-4). Post-hoc analysis
revealed that the average BA have an increasing trend with the
increase of calibration data in each cross mode (p = 0.001).
Under 1 calibration block and 2 calibration blocks, the BA
values of cross-subject was significantly lower than that of
cross-all and cross-session (p = 0.005 and p = 0.01), but
the difference between cross-all and cross-session was not
significant. Under 3 calibration blocks, the BA of cross-subject
was significantly lower than that of cross-all (p = 0.0015), and
tends to be lower than that of cross-session (p = 0.09). It is
noteworthy that cross-session tends to be lower than that of
cross-all (p = 0.1). When the calibration block is 4 and 5,
the cross-subject was not different with cross-all (p = 0.65).

The results indicated that when the calibration data is
few, the data from other sessions contribute much more
improvement on classification performance than data from
other subjects. With the increase of calibration data, the data
provides by other subjects can greatly compensate for the data
defect of single target subject.

VII. DISCUSSION

A. Source Selection Analysis

In our study, with the increase in the number of source
domains, the performance of RSVP decoding increases, and
then arrives a plateau in the condition of 4 sources. This
phenomenon is in consistent with the previous study [47].
For our dataset, there are C4

10 combinations when we select
4 sources. We conduct a further study on source selection
under 1 calibration block to test the validity of the source
selection strategy. Table IV lists the performance of our source
selection strategy, maximum, minimum and average perfor-
mance in those C4

10 results and all 10 sources used perfor-
mance. The one-way repeated measures ANOVA revealed the
combination of sources can significantly influence the BA
(F(4, 40) = 25.806, p = 6e-6). The performance of our source
selection strategy is significantly higher than the minimum
performance (p = 0.002) and not different from the maximum,
average and 10 sources performance (p = 0.297, p = 0.297,
and p = 0.481, respectively). The results indicate that our
source selection strategy can reduce the impact of negative
transfer and the computational complexity of using all sources.

It is worth noting that the mean value of our method is
slightly lower than that of the optimal result. It may be due to
that the distribution difference between labeled data and test
data in the target domain result in the suboptimal performance
in the testing with the optimal sources in the training.
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The mCADA-C framework was implemented with the
Pytorch framework and trained on one Nvidia 1080 GPU.
The training stage contains source selection and 4 CADA
network training. Under 1 calibration block, the average time
consuming of the training stage is 3.2±1.7 minutes. On the
one hand, the time consuming of the training stage ranged
from 1.4 to 4.8 minutes, which is shorter than the calibration
time of 1 block with rest (5 to 6 minutes). On the other hand,
the performance of our method under 1 calibration block is
significantly higher than EEG-Net and RPA under 2 calibration
blocks. Hence, the time-consuming is acceptable and our
framework is feasible. Furthermore, with more hardware sup-
port, the training of different CADA networks can be deployed
to multiple GPUs to further reduce the training time. Based on
the trained framework, we conduct a simulation online testing,
the test time of 1block data is 0.5978±0.06 second, and that
of 1 trial data is 0.1630±0.01 second.

B. Analysis of the Comparison Results

Comparison experiments showed that our proposed
mCADA-C framework outperformed the other methods, and
produced a decrease in the calibration block. Compared with
EEG-Net, a deeper network, our framework utilized data of
sources effectively and have a higher classification perfor-
mance, this mainly depends on two aspects. Our framework
enables feature extractor to learn common features of source
and target by adversarial training. Also, CML loss function
constricts the correlation of features based on class and domain
and improves the consistency and separability of features
in the source domain and target domain. In our framework,
the feature extractor was designed to extract time information
from EEG input, while previous comparable transfer learning
methods (RPA, SAN, and Li) ignore the time characteristics of
EEG. Therefore, our method outperformed previous methods.

In our framework, we built 4 one-to-one CADA-C models
and integrate their classification results, which is different
from the one many-to-one model in SAN. In one-to-one DA
framework, the model needs to find common features from
one source domain and the target domain, while the model
needs to find common features from several different domains
directly in many-to-one DA framework. Hence, the many-to-
one framework more likely to cause the overfitting of training
data and be difficult to training models. In addition, the inte-
gration of multiple one-to-one DA networks, can improve the
classification of RSVP. Therefore, our multi-source strategy is
valuable for decoding RSVP.

Generally, EEG preprocessing has an impact on the follow-
up analysis. To evaluate this impact, we conduct experiments
on three compared methods designed for RSVP task: HDCA,
MCNN, and EEG-Net, to compare the performance under our
preprocessing and their original preprocessing. Compared with
our preprocessing, the original preprocessing of EEG-Net has
no improvement. For HDCA and MCNN, the original pre-
processing can improve the BA by 3.1% and 0.7% compared to
the present preprocessing. However, the improved performance
is still lower than our method, for more details of the results
see Supplementary Material Table C.

Fig. 9. TPR and FPR of different cross-domain mode. The a, b, c sign
indicates that there is statistical significance between cross-all and cross-
session, cross-session and cross-subject, cross-all and cross-subject.

TABLE V
THE RESULTS OF SOURCE SELECTION UNDER CROSS-ALL MODE

C. Comparison Among Different Cross-Domain Modes

Fig. 9 shows TPR and FPR of different cross-domain
modes. The two-way repeated measures ANOVA showed that
there are significant main effects of cross-domain mode and
calibration data amount and an interaction effect between
these factors on classification TPR (F(2.899, 28.994) = 8.476,
p = 4e-4). For FPR, these factors do not have an interaction
effect and the calibration data amount has no significant main
effects on FPR (F(2.057, 20.568) = 0.457, p = 0.645).

Under 1-5 calibration blocks, the FPR of cross-subject
is significantly lower than the others (all: p < 0.005), and
cross-all is significantly lower than cross-session (p = 5e-5).
The BA results are combined to analyze the effect of mode.
For 1 calibration block, TPR and BA of cross-all mode
are similar with cross-session and higher than cross-subject,
while lower FPR indicates that cross-all mode is best. For
2 and 3 calibration blocks, compared with cross-session, TPR
of cross-all session shows a weak decrease. Considering that
the non-target class samples are far more than the target class
in this RSVP task, the cross-all with lower FPR is better for
efficiency of the BCI system.

Due to individual differences in EEG, the cross-subject DA
may learn fewer common features from source subject and
target subject in training. Thus, during the testing of target
subject, this may lead to identify target samples more conser-
vatively, as well as reduce FPR greatly. Table V summaries
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the selected sources in cross-all mode, the source selection
strategy automatically includes the data of two other sessions
of the same subject. Thus, besides cross-session, the cross-
all consists of not only information from different subjects
but also information from other session of the same subject.
Therefore, to reduce calibration, the cross-all mode includes
data of both other sessions and other subjects is a better choice
for the application of RSVP-based BCI.

An individual’s neural activity pattern is unique [49],
which makes the individual difference of EEG. For one
individual, the EEG pattern changes with physiological, envi-
ronmental, and instrument (e.g., electrode positioning and
impedance). While the RSVP paradigm can evoke a strong
and stable individual response [18]. Hence, the difference
of EEG between sessions within subjects was smaller than
that between subjects. The results of our different cross-
mode experiments are consistent with this characteristic. This
also makes using different session data for zero-training
possible.

D. Towards Zero-Training

Zero-training is an important challenge for the practical
application of BCI. For the evoked BCI paradigm, the data
from other users may be helpful for realizing zero-training
BCI [50]. In our experiments, the ‘Baseline DC (source only)’
results in Table II. can be considered as zero-training for
new subjects, in which the performance is poor due to the
individual difference. Hence, for our proposed mCADA-C
framework, we further extend its application towards zero-
training for subjects who have data from previous sessions. For
an ‘experienced’ subject, the data from the previous session
can be considered as the calibration data in the target domain,
and the existing data from the other subjects can be considered
as source domains. We conducted the experiments according
to this strategy.

In our experiments, for a new session of a target subject,
data of one existing session from the target subject was used
as calibration data to perform source selection and domain
adaptation. Data from other subjects were used as source
domains. The average BA of zero-training is 86.54 ± 5.36%.
The BA of zero-training is significantly lower than cross-
session and cross-all mode with 1 block of calibration data
by 2.8% and 2.9% (p = 8e-5 and p = 2e-5) and tends to
be lower than cross-subject with 1 block of calibration data
by 1.2% (p=0.06). This result indicates that indeed, there
is a similarity of EEG across sessions. However, a differ-
ence of time delay and amplitude of P300 and mismatch
in data distribution remain. Still, the BA of zero-training is
significantly higher than baseline calibration (target only) with
1 to 3 blocks of calibration data (all: p < 0.01). In addition,
it is significantly higher than that of baseline w/o DA under
1 block of calibration (p = 0.004), and has no significant
difference with performance under 2-3 blocks of calibration
(p = 0.112 and p = 0.284). These results show the potential
for our proposed method to be extended towards zero-training
when the subject has data from other sessions. Towards
zero-training application, P300 may be induced by false

alarm [10], [11] rather than a target event, which should be
considered in application and future work.

E. Limitation and Future Work

Our work reduced calibration efforts in RSVP tasks through
multi-source conditional adversarial domain adaptation. There
are still several limitations. The number of participants in our
study is 11. More subjects will be included in the experiments
in the future. Also, our experiment only applied the typical
RSVP speed of 10Hz. Different RSVP speeds will be consid-
ered in the future.

VIII. CONCLUSION

In this article, we proposed a multi-source conditional
adversarial domain adaptation with the correlation metric
learning (mCADA-C) framework for reducing the calibration
efforts of RSVP-based BCIs. The multi-source framework
with source selection strategy was employed for avoiding
negative transfer and reducing computation. The adversar-
ial domain adaptation network enables the target to utilize
the knowledge of the source domain. The proposed CML
loss maximizes the intra-class correlation and minimizes the
inter-class correlation. The experiment results of cross-subject
learning proved that our mCADA-C framework outperformed
the previous transfer learning methods for EEG analysis as
well as conventional subject-dependent approaches. This work
could be regarded as a powerful method to improve the
performance of RSVP-based applications under small calibra-
tion data. We further studied different cross-domain modes
and towards zero-training, and we drew the conclusion that
combining cross-session and cross-subject data can further
improve performance and our framework is feasible for the
zero-training of ‘experienced’ subjects.
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